The aim of this study was to develop a new genetic evaluation model to estimate the genetic merit of boars for growth based on 1) performance of their crossbred progeny fattened in the test station and 2) their own performance or those of relatives from the on-farm testing system. The model was a bivariate random regression animal model with linear splines and was applied to Piétrain boars from the Walloon Region of Belgium mated with Landrace sows. Data contained 1) 12,610 BW records from the test station collected on 1,435 crossbred pigs from Piétrain boars and Landrace sows, and 2) 52,993 BW records from the on-farm testing system collected on 50,670 pigs with a breed composition of at least 40% Piétrain or Landrace. Since 2007, 56 Piétrain boars have been tested in the station. Data used to estimate variance components and breeding values were standardized for the age to take into account heterogeneity of variances and then pre-adjusted at 210 d of age to put all records on the same scale. Body weight records from the test station and from the on-farm testing system were considered as 2 different traits. The heterosis effect was modeled as fixed regression on the heterozygosity coefficient. As all test station animals were similarly crossbred, smaller variation in heterozygosity caused the sampling error of the regression estimate at 210 d to be larger in the test station than in on-farm data with estimates of 28.35 ± 14.55 kg and 9.02 ± 0.67 kg, respectively. Therefore, the most likely reason for the large differences in estimates was sampling. Heritability estimates ranged from 0.37 to 0.60 at 210 and 75 d, respectively, for test station BW and from 0.42 to 0.60 at 210 d and 175 d, respectively, for on-farm BW. Genetic correlation decreased when the age interval between records increased, and were greater between ages for test station than for on-farm data. Genetic correlations between test station and onfarm BW at the same age were high: 0.90 at 175 d and 0.85 at 210 d. For the 56 boars tested in the station, the average reliability of their EBV for ADG between 100 and 210 d was improved from 0.60 using only test station data to 0.69 using jointly test station and on-farm data. Based on these results, the new model developed was considered as a good method of detection of differences in growth potential of Piétrain boars based on test station and on-farm data.
INTRODUCTION
Until recently, Piétrain boars in the Walloon Region of Belgium were selected based on performance recorded on their purebred progeny in the test station. However, Piétrain boars are mostly used in crossbreeding systems. In such breeding systems, among other variables, the efficiency of selection is a function of the genetic correlation between crossbred and purebred performance (Zumbach et al., 2007) . However, the genetic correlation could be as low as 0.4 to 0.7 between purebred and crossbred performances due to genetic differences between purebred and crossbred animals and also due to environmental differences between se-lective and commercial conditions. Therefore, purebred performance can be considered as a poor predictor of crossbred genetic merit for some traits (Dekkers, 2007) . Moreover, combining purebred and crossbred data to estimate genetic merit of purebred animals for crossbred performance increases the accuracy of EBV (Lutaaya et al., 2001; Habier et al., 2007) . Several authors (Bidanel and Ducos, 1996; Peškovičová et al., 2002) proposed the joint use of test station and on-farm data if available; that is the case in the Walloon Region of Belgium.
Growth data, represented by repeated BW records, are longitudinal data by nature and can often be modeled using random regression models (RRM; Huisman et al., 2002; Schaeffer, 2004; Bohmanova et al., 2005) . With growth data, residual variances often increase with age and change similarly to phenotypic variance (Schaeffer, 2004) .
The aim of this study was to develop a genetic evaluation model to estimate growth potential of boars based on BW records of their crossbred progeny in a test station. In addition, BW data of boars themselves and of some of their relatives from the on-farm testing system were used. The model developed was a bivariate RRM with linear splines, taking into account heterogeneity of variance.
MATERIALS AND METHODS
Animal Care and Use Committee approval was not obtained for this study because the data were provided through the regular animal recording schemes managed by the Walloon Pig Breeding Association (AWEP).
Data
Since 2007 a new test station performance recording system for crossbred performance of Piétrain boars has been under development in the Walloon Region of Belgium. In Belgium, commercial pigs were mainly crossbred animals from Piétrain boars mated with Landrace sows. Additional records from test station data collected on boars themselves and on relatives were provided by the on-farm performance recording system. Both systems are managed by the AWEP.
Test Station Progeny Testing Scheme. Data were collected at the Walloon central test station between 2007 and 2010. Data were recorded on crossbred progeny of Piétrain boars mated with Landrace sows. Piglets were produced using synchronized sows and were, therefore, grouped in batches. Boars were provided by Walloon Piétrain breeders and by a regional AI center. Boars from the AI center were used as connection sires, linking batches. Connectedness of the new data was evaluated after each batch and then connection boars were chosen in the appropriate manner. In the data set, 56 different boars were progeny tested in the station. Sows were of the hyperprolific Landrace K+ line selection program (http://www.ciap-belgium. eu) and were provided by the Walloon Agricultural Research Centre (CRA-W). These sows had known pedigrees and were sired by boars from the K+ program. Every 10 wk, selected Piétrain boars were mated to 5 randomly chosen sows. The majority of sows were mated in successive batches to different boars. For each boar, the aim was to have a minimum of 16 and a maximum of 25 piglets from 5 different sows per batch. When a boar did not reach 16 piglets in a batch, efforts were made to use him again in latter batches. At 4 wk of age, piglets from these matings were weighed and then selected simulating a commercial setting, to create batches of about 100 animals that entered the test station.
The progeny test began when piglets weighed about 20 kg. In the test station, pigs were randomly assigned in groups of 4. Data were recorded on castrated male and female animals. They were weighed every 15 d and between approximately 20 and 110 kg of BW.
On-Farm Performance Testing Scheme. Data were provided by the on-farm performance recording system between 1996 and 2010. The aim of this system was to potentially allow the estimation of the genetic value of pigs for recorded traits without having to slaughter them. In the Walloon Region of Belgium the on-farm performance recording system is not mandatory. Pig breeders choose to participate and also choose which animals to test. The majority of onfarm data were recorded on entire males but also on females and castrated males of various breed types. Entire males represented 78% of the on-farm data set, of which 60% were Piétrain purebreds, 15% were Landrace purebreds, and 25% were crossbreds. Females represented 21% of the on-farm data set, of which 41% were Landrace purebreds, 39% were Piétrain purebreds, and the remaining 20% were crossbreds. Only 1% of the onfarm data set was castrated males, which were mainly crossbreds.
This on-farm performance testing system was also applied to pigs from the test station that were measured the week before slaughtering, the test station being considered as a farm. Therefore, the 56 boars tested in station had crossbred progeny both at the test station and on farm. Furthermore, 34 of the 56 boars had additional progeny only tested on farm, 51 had own records, 51 had sires, and 17 had dams that were recorded in the on-farm system.
Ideally, on-farm data should be recorded on animals between 100 and 120 kg of BW before 220 d of age. Few animals were weighed more than once, with only about 5% of data having repeated records. The small number of repeated records could be explained due to the on-farm performance recording system; the genetic merit of animals around slaughter age is of greatest importance; therefore, one record per animal is typically sufficient.
Total Data Set. The total data set contained edited BW data of pigs from the test station and from the on-farm performance recording system. Body weight records collected in the 2 performance recording systems were considered as 2 different traits. Data from the test station were BW recorded on pigs between 50 and 210 d of age; and data from the on-farm recording system were BW recorded on pigs between 175 and 250 d of age. Breed types were Piétrain and Landrace purebreds from the on-farm testing scheme, and crossbred Piétrain with Landrace pigs from the test station and on-farm testing schemes. During the data editing process, only Piétrain × Landrace-type crossbred pigs that had a breed composition of at least 40% Piétrain or Landrace and at least 80% Piétrain and Landrace were retained to keep crossbred pigs with similar breed compositions to those from the test station.
A total of 56 Piétrain boars and 108 Landrace K+ sows sired by 35 K+ boars were used to produce the 1,435 test station crossbred animals. The total data set contained 12,610 BW records from these animals and 52,993 BW records observed on 50,670 animals from the on-farm performance recording system. As mentioned above, all animals recorded at the test station were crossbreds and 15,682 crossbred animals were also recorded on an on-farm level. Up to 10 generations of ancestors were recursively extracted from the pedigree database; 95% of animals had maximum 10 generations of known ancestors. The total number of animals in the extracted pedigree file was 80,969. Figures 1 and 2 show the distribution of BW records over age for test station and on-farm data, respectively.
Standardization of Data
Growth data shows increasing variance over time (Huisman et al., 2002) . Changes in variance could be partially modeled by RRM, but part of variance heterogeneity remains potentially in the residual variance (Jaffrezic et al., 2000) . With growth data, residual variances are often considered increasing with age and changing similarly to phenotypic variance (Schaeffer, 2004) . There are various methods of considering the heterogeneity of variances. Data could be adjusted before the analysis as proposed by Wiggans and VanRaden (1991) . Another method is to integrate adjustment for heterogeneity of variances into the analyses as proposed by Meuwissen et al. (1996) . This allows joint estimation of breeding values and heterogeneous variances.
In this study, a simpler robust pre-adjustment method was used, while retaining the feature of modeling variance differences a priori. Data for each day of age was considered homogeneous for its variance, and adjustment for variance heterogeneity between days of age was done using the following standardization procedure: standardized BW were calculated for both traits separately by subtracting an estimated trait mean and dividing by a SD, both defined as functions of age in days; estimated phenotypic mean and SD were computed based on the equation of smoothing curves of the evolution of phenotypic mean and SD of BW with age for each trait. Equations of the smoothing curves were obtained with PROC GLM (SAS Inst. Inc., Cary, NC) testing different order polynomials. Standardized records were then pre-adjusted to 210 d of age. The equation to obtain standardized and pre-adjusted records y ij
where y ij is the phenotypic value of animal j at age i, m i is the estimated phenotypic mean at age i, σ i is the estimated phenotypic SD at age i, σ 210 is the estimated phenotypic SD at 210 d of age, and m 210 is the estimated phenotypic mean at 210 d of age.
Models
The model developed in this study was a random regression animal model with linear splines. A linear spline is a smooth curve over an interval formed by linked segments of linear polynomials at knot points. In this study, RRM with splines was chosen, as it is a straightforward extension on a multitrait model, where BW are recorded at ages corresponding to knots. How- ever, multitrait models require age pre-adjustment of data and restrictive age ranges must be established (Robbins et al., 2005) . This could lead to elimination of records taken outside of these age ranges, resulting in a loss of a large amount of data.
In matrix notation, the bivariate model could be represented as follows:
where y is the vector of standardized and adjusted observations, b is the vector of fixed effects, a is the vector of random additive genetic effects, p is the vector of random permanent environment effects, e is the vector of random residuals, X and Z are incidence matrices relating observations to various effects, and Q is the matrix of linear spline coefficients.
Fixed effects were sex, contemporary groups, and heterosis effect. Sex of animal was defined as fixed effect in the model because BW are measured on females, entire males, and castrated males. This effect is important in reflecting the difference of growth patterns based on sex. Contemporary groups were created using a clustering algorithm to contain at least 3 animals measured at the same location within an interval with a maximum of 75 d. This effect was important because data from on-farm testing system are recorded on a heterogeneous environment, at different times. Contemporary groups allow a comparison of animals raised in diverse environments. Groups of 3 animals over 75 d were a minimalistic compromise, as on-farm animals were not measured at the same date, but in function of ages. Therefore, it is possible to have only 1 animal tested per farm in a long period of time. Heterosis was modeled as regression on an overall heterozygosity coefficient. This effect was required because the data set contained crossbred animals.
Random effects were additive genetic, permanent environment, and residual effects. Additive genetic and permanent environment effects were modeled by random regressions using linear splines with the same number and location of knots for these 2 effects. According to Jamrozik et al. (2010) , position and number of knots should not be identical for different traits but reflect trait-specific patterns. Therefore, in this study, number and position of knots were different between the 2 traits analyzed. For both traits, extreme knots were located at extreme ages in the data set used. Additional knots were added to have good representation of BW evolution with age of animal. Test station BW were modeled with 4 knots at 50, 100, 175, and 210 d. On-farm BW were modeled with 3 knots at 175, 210, and 250 d. Model fitness was tested by computing residuals from a BLUP evaluation. The Student's t-test was used to test whether the means of mean residual distributions in function of age in day were significantly different from zero.
A consequence of the standardization was that all fixed and random effects were defined on a transformed scale. Solutions on original scales were obtained by back-transformation as the model used can be considered as an approximate multiplicative mixed model (Kachman and Everett, 1993) .
Variance Components Estimation
The variance components were estimated by the residual maximum likelihood (REML) method using the REMLF90 program (Misztal, 2011) on a sample of the total data set due to computing limitations. Animals in the sample were selected to maximize genetic and environmental links between both traits through the use of data from related animals and environmental conditions. Therefore, this sample contained all standardized BW records of pigs fattened in test station and also standardized BW recorded on pigs from the farms of origin of the 56 boars tested in the station. Body weight records of the sample were standardized with the same estimated means and SD than those for the total data set. This sample contained all 12,610 BW records from test station and 10,559 BW records observed on 9,906 different animals from the on-farm performance recording system.
Estimation of Breeding Values and Reliabilities
The EBV for BW at the age corresponding to knots was directly obtained from the solutions of the mixed model fit to the total data set using standardized records. Estimated breeding values EBV ij * were de-standardized as follows:
where EBV ij is the standardized EBV of animal j at age i, σ 210 is the estimated phenotypic SD at 210 d of age, and σ i is the estimated phenotypic SD at age i. The most interesting growth information is growth rate linked to the fattening period. In the Walloon Region of Belgium, the period between 100 and 210 d of age was chosen for the computation of ADG and boars were ranked according to this trait. where m 100 and m 210 are estimated phenotypic means of the population at 100 and 210 d of age, respectively. Reliabilities were defined as the squared correlation between true breeding value and EBV and were a di-rect function of the prediction error variance (PEV; Jamrozik et al., 2000) . They were computed for each EBV as follows:
where P is the PEV and σ g 2 is the estimated genetic variance. The values of PEV depended mainly on number of progeny tested per boar but depended also on direct connections [i.e., number of other sires with progeny in the same batch (Tosh and Wilton, 1994) ] or on the number of batch where the sire had progeny tested and the availability of on-farm correlated data. Reliability for ADG between 100 and 210 d was computed using reliabilities of EBV at 100 and 210 d and genetic correlation between BW at 100 and 210 d. The computations used the same selection index based on the approach applied by Cole and VanRaden (2010) . A multitrait reliability (MTREL) for ADG between 100 and 210 d was computed based on the MTREL for both BW at 100 and 210 d. Using additional on-farm data should improve reliabilities. Therefore, additional single-trait reliabilities (STREL) were computed using an equivalent single-trait model where all on-farm data were considered missing. Differences between MTREL and STREL expressed the impact of additional information from the on-farm recording system to increase reliability of EBV of boars tested in the station. Figure 3 shows the evolution of mean BW and SD over age for test station data and the equation of smoothing curves used to obtain values used to standardize BW records. Different orders of polynomial functions were tested to find the appropriate smoothing curves.
RESULTS AND DISCUSSION

Data
The mean BW of pigs from the test station increased between 50 and 210 d with a slight inflection at about 175 d of age. Based on coefficients of determination, the best smoothing curve for evolution of mean BW was a cubic polynomial curve. Evolution of SD was very similar and increased until 175 d. This should be due to scale effect because SD followed the BW increasing with age. However, SD decreased after 175 d and values were less stable, probably due to fewer pigs measured after this age. Again, the best smoothing curve was cubic polynomial. Coefficients of determination of the smoothing curves were high: 0.98 for mean and 0.85 for SD observed on test station BW. Figure 4 shows the evolution of mean BW and SD over age for on-farm data. Equations of smoothing curves used to standardize data are also presented in Figure 4 . The mean BW of pigs measured on farm increased regularly from 175 to 250 d of age. Based on this, the best smoothing curve was linear for the mean. However, SD had a quadratic evolution over this period with a minimum at about 200 d. The smallest SD at about 200 d was probably due to a large amount of data around this age. Coefficients of determination were again high with values for on-farm BW of 0.99 for mean and 0.78 for SD.
In general, systematic age effect tended to disappear with standardization and pre-adjustment of data in function of age. This led to a less variable mean and SD of BW with age for both traits analyzed. Moreover, as an RRM was used, small remaining differences in means and SD could be modeled.
Models
As explained previously, fixed effects included in the model were sex, contemporary groups and heterozygosity coefficient as a linear covariable. According to a preliminary variance analysis with PROC GLM using a linear model while including fixed effects, all effects were highly significant for test station and on-farm BW, with P-values <0.0001.
Solution for heterosis effect showed that crossbred animals had better growth than purebred animals. Estimates for heterosis were 28.35 ± 14.55 kg and 9.02 ± 0.67 kg for the test station and on-farm BW, respectively at a standard age of 210 d. Obtaining reliable estimations for heterosis effect is always very difficult. The difference observed between estimates for test station and on-farm BW could be attributed to sampling errors as all test station pigs were crossbreds and they had similar heterozygosity. The small amount of variation in heterozygosity causes the SE of the regression to be large. For test station BW, the heterosis effect explained 24.4% of the mean BW at 210 d of age. This estimate shows that a part of the mean is most likely confounded with this larger heterosis effect. As all test station animals have a very similar degree of heterozygosity, the effect of this potentially inflated estimation should remain limited as it affects animals similarly. However, the relative estimate on an on-farm basis was around 8.1% of the mean BW at 210 d, which should have been expected. This agrees with results reported by Schneider et al. (1982) who found that percentage heterosis ranged from 3.7 to 10.5% for BW records. Also, given the multiplicative nature of this model, fixed effects on the original scale are affected by multiplicative factors for each heterogeneity class (i.e., for each day of age in this study; Kachman and Everett, 1993) . Therefore, the heterosis effect estimate depended on age. Figures 5 and 6 show changes of heterosis effect with age for test station and on-farm BW, respectively.
Genetic Parameters
Variance Components and Heritability. Table 1 shows relative variance components and total variance on the original scale for test station BW calculated every 25 d and for each knot between 50 and 210 d. Heritability ranged from 0.37 at 210 d of age to 0.60 at 75 d of age and tended to decrease with age. These results were somewhat different than estimates from the literature: Edwards et al. (2006) or Haraldsen et al. (2009) presented increasing heritability of BW data of pigs with age. However, Huisman et al. (2002) found that heritability of BW had a tendency to decrease as pigs became older with an RRM spline model. Permanent environment variance explained between 32 and 52% of the total variance and its importance tended to increase with age and became weaker than additive genetic variance at about 200 d of age. Residual variance represented 5 to 12% of the total variance as a function of age. As expected, total variance tended to increase with age, probably due to scale effects (Iwaisaki et al., 2005) .
Based on variance components estimated at 100 and Additive genetic and permanent environment variances were modeled using the same number of knots for each trait separately. According to Pool et al. (2000) , in a RRM it is better to fit the same number of parameters for the genetic and the permanent environmental part. If permanent environment were modeled with only 1 parameter, estimated genetic variance could be overestimated at the beginning and at the end of the growth curve. As a consequence, estimated heritability also fluctuated with age.
Some variations are also observed in the evolution of estimated total variances, especially for on-farm BW. These variations were greater at ages corresponding to knots. This is most likely an artifact due to modeling by RRM with linear splines. However an advantage of spline RRM is that there are no poor fits at the extreme of the trajectory and the model is not affected by sparse data (Misztal, 2006) . Huisman et al. (2002) used different RRM to describe BW data of pigs and compared them with a multitrait model. In a multitrait model, records taken at different ages are treated as different traits. So, variance components and EBV are estimated for these target ages. With RRM, it is possible to compute variance components and EBV at any age and also between age of recording (Huisman et al., 2002; Legarra et al., 2004; Iwaisaki et al., 2005) . Moreover, according to Huisman et al. (2002) , variance components estimated with RRM using linear splines are comparable with variance components estimated with multitrait model where BW at age corresponding to knots are considered as different traits. However, between knots, expected evolution of variance functions will not be smooth. This is especially the case when correlations between adjacent knots are not very high. Evolution of variances could be smoother; however, this would imply a large number of knots and then potential computation problems (Misztal, 2006) .
Correlations. Table 3 presents genetic (above diagonal) and phenotypic (below diagonal) correlations between BW at 50, 75, 100, 125, 150, 175, 200 , and 210 d of age for test station data. Genetic correlations between adjacent ages were high (>0.90). As expected, genetic correlations between BW decreased as intervals between ages became greater. Moreover, genetic correlations between adjacent ages tended to be greater when age increased. Phenotypic correlations between adjacent ages were less than genetic correlations. They also decreased when age interval became greater, with some exceptions. Again, phenotypic correlations between adjacent ages were greater at greater ages. Table 4 presents genetic (above diagonal) and phenotypic (below diagonal) correlations between BW at 175, 200, 210, 225, and 250 d of age for on-farm data. Genetic correlations between adjacent ages were high (>0.70), although less than for test station data and decreased rapidly when interval between ages increased. They became negative between BW at 175 and 250 d. As explained earlier, these relatively low correlations between knots could explain that evolution of estimated variances was not smooth for the considered period. Phenotypic correlations were greater than genetic correlations but also decreased with increasing age interval. The decreasing correlations when interval between ages increased were in agreement with results for RRM presented by Huisman et al. (2002) . As splines were used, negative correlations between BW at different ages should not be considered as an artifact (Kettunen et al., 2000) . A potential reason could be that BW recorded much later from optimal age express a different trait than early BW records. Table 5 shows genetic correlation between test station and on-farm BW at ages corresponding to knots. Genetic correlations decreased when age interval increased. The genetic correlations between on-farm BW at 175 d of age and test station BW increased with age until 175 d where correlation was maximum, then decreased until 210 d of age. The genetic correlation between on-farm BW at 210 d of age and test station BW increased with test station age and was the greatest between both BW at 210 d of age. As expected, the genetic correlation between on-farm BW at 250 d of age was negatively to approximately uncorrelated with test station BW between 50 and 210 d of age. Genetic correlation between test station BW and on-farm BW at 210 d of age was 0.85. As this age can be considered as reference point, the observed correlation reflects the genetic correlations between both environments and recording systems. It should be stressed that genetic correlations between BW at 175 d of age were even larger with an estimate of 0.90. Still, both results justified the initial hypothesis that test station and on-farm BW should be considered as different traits. These results also suggested that there are not only genetic factors which influence performance but there were also genotype × environment interactions (Bidanel and Ducos, 1996; Zumbach et al., 2007) . Relatively high genetic correlations between test station and on-farm BW at the same ages indicate potentially decreased genotype × environment interactions. Therefore, EBV for growth from test station data should be good predictors for what happens at the on-farm commercial level where selection must be effective. Also, based on the still rather high correlation, as suggested by Peškovičová et al. (2002) , joint evaluation of test station and on-farm data should still increase accuracy of EBV for both traits.
Fit of the Model. Fit of the model was tested by computing mean residuals across ages for each trait based on the model developed. The aim was to ensure that the model developed fitted well the expected age trend. Checking this was also required, as data were pre-adjusted. According to results from the Student's t-test, the means of mean residual distributions were not significantly different from zero, with P = 0.7417 for test station BW and P = 0.6885 for on-farm BW. Therefore, it seemed that the model developed fitted well the data. Table 6 shows descriptive statistics of reliabilities (MTREL and STREL) associated with EBV for the 56 boars tested in the test station, number of progeny tested per boar, and number of batches in which the boar had progeny tested.
Estimation of Breeding Values and Reliabilities
The mean reliability of EBV of boars for ADG was quite high, so it allowed having relatively accurate selection of boars. The mean STREL was 0.61 when only test station data were used and the mean MTREL was 0.69 with the multitrait model combining test station and on-farm data. Therefore, the use of data recorded on boars themselves and on relatives on farm in addition to data recorded on crossbred progeny of tested boars allowed an average relative increase of reliability of about 8%, which confirms results obtained in other studies (e.g., Habier et al., 2007) . These results were obtained despite the fact that boars had few progeny tested, on average (26), in few batches (1.6, on average).
Conclusions
The aim of this study was to develop a new genetic evaluation model to estimate genetic merit of boars for growth using a bivariate random regression animal model with linear splines. The data set used contained test station BW recorded on crossbred progeny of boars fattened in the test station and BW recorded on boars themselves and on other relatives from the on-farm 
